Background: The alterations in skeletal muscle structure and function after prolonged periods of unloading are initiated by the chronic lack of mechanical stimulus of sufficient intensity, which is the result of a series of biochemical and metabolic interactions spanning from cellular to tissue/organ level. Reduced activation of skeletal muscle alters the gene expression of myosin heavy chain isoforms to meet the functional demands of reduced mechanical load, which results in muscle atrophy and reduced capacity to process fatty acids. In contrast, chronic loading results in the opposite pattern of adaptations.
Background
Living organisms have the inherent capacity to adapt to their environment by altering the structural and functional properties of their tissues and/or organ systems. The adaptive process starts by having specific genes and their products undergo altered expression in order to meet the demands imposed by the environmental conditions. In particular, skeletal muscle adapts by altering the contractile protein myosin heavy chain (MHC) in quantity and type of isoform in response to the chronic mechanical perturbation (loading/unloading) imposed on it [1] [2] [3] [4] [5] . Thus, skeletal muscle is capable of adapting to interventions involving a chronic mechanical stress which is either increased (e.g., endurance or resistance exercise) or reduced (e.g., chronic inactivity, limb immobilization, or microgravity exposure) by regulating the expression of key enzymes and transport proteins.
Chronically increased physical activity (loading) at levels requiring 70-80% of maximal aerobic capacity, typical of endurance training, has shown to increase muscle capillarization and mitochondrial density and to upregulate the mitochondrial enzyme systems of the Krebs cycle and the electron transport chain [6] [7] [8] [9] [10] [11] . Endurance training or chronic loading also lowers glucose uptake and the rate of glycogen breakdown leading to reduced rates of glycolytically-derived pyruvate, pyruvate oxidation, and lactate production [12] [13] [14] . In addition, chronic loading increases the expression of the enzymes involved in fatty acid activation, translocation, and oxidation leading to an increased rate of fatty acid oxidation [15] [16] [17] [18] . As a consequence, chronically-loaded individuals rely more on fats as the main source of fuel for ATP synthesis, which is offset by a reduction in the relative contribution of intramuscular glycogen [16, 19, 20] .
In contrast, when skeletal muscle is continuously unloaded -as it occurs during microgravity exposure or bed rest, or during chronically reduced physical activity (e.g., limb immobilization or detraining) -the opposite patterns of transformation in muscle metabolic characteristics occur. Chronic unloading induces small reductions in muscle capillarization and mitochondrial density [8, 21] , as well as a 20-50% reduction in the maximal activities of oxidative enzymes [22, 23] . Unloading also leads to an increased contribution from intra-muscular carbohydrates for ATP production, resulting in a greater rate of lactate formation during exercise [22, 24] . Associated with this increased reliance in glycogen breakdown is the reduced production of acetyl-CoA from fatty acid oxidation, which is accentuated during periods of increased physical activity [18, 22, 24] . In addition to these metabolic alterations, chronic unloading results in a significant reduction in fibers cross sectional area in the quadriceps muscle, which leads to a decline in whole muscle volume [8, 21] , as well as reduced muscle strength and endurance [21, 23, 25] . Prolonged chronic unloading enhances these alterations leading to further deterioration in muscle function until complete adaptation to physical and energetic demands of the new environment is established [21, 23, 25] .
Skeletal muscle adaptations to chronic loading and unloading also result in different dynamic metabolic responses to acute exercise. Even though the amount of oxygen taken up by muscle cells during the steady-state response (VO 2 ss ) of a sub-maximal constant work rate exercise bout of moderate intensity (WR ≤ 40% VO 2 max ) remains the same regardless of conditioning status of the muscle [26, 27] , the transient response is different in individuals who have undergone chronic unloading vs. loading. While chronic unloading increases the time needed to reach VO 2 ss when compared to controls, endurance training or chronic loading decreases this response time [27] . The dynamic response of phosphocreatine (PCr) breakdown at exercise onset shows similar behavior, with the loaded muscle buffer ATP changes and deplete PCr stores faster [6, 11] .
The changes in the time profiles of step-responses of various metabolic variables elicited by periods of chronic loading or unloading illustrate the significance of (i) collecting and analyzing dynamic information in the evaluation and characterization of physiological responses to exercise under conditions representing altered loading states, and (ii) linking cellular alterations to the metabolic responses observed in contracting skeletal muscle. Unfortunately, limited dynamic physiological data have been collected under chronic unloading (e.g., space travel, bed rest, limb immobilization) and loading (e.g., endurance or resistance exercise) conditions at the cellular and tissue levels. Moreover, it is not clear how the chain of events involved in the adaptive process is linked to manifestations of altered protein expressions in response to altered loading states in skeletal muscle.
To predict dynamic information on the effects of chronic unloading/loading states on skeletal muscle cellular metabolic responses to constant work rate exercise, a validated physiologically-based computational model of skeletal muscle bioenergetics is required that accounts for the instantaneous increase in ATP turnover rate (acute response) and tight coupling between energy demandenergy supply systems and integrates alterations induced by chronic loading/unloading states (chronic adaptation) from the cellular to the tissue level. The objectives of the present study are therefore (i) to extend a previously developed mathematical model of skeletal muscle metabolism under normal conditions [28, 29] by adding necessary biochemical elements which have been documented to be altered after periods of loading or unloading, and (ii) to predict the metabolic responses to constant work rate exercise of moderate intensity in both chronic loaded and unloaded states. Specifically, by simulating these responses under loaded, unloaded, and control states, we investigated whether feedback activation by ADP, Pi and NADH is sufficient to match ATP supply to demand at the onset of exercise or a parallel activation mechanism is required for such matching. In addition, we investigated whether specific changes in skeletal muscle enzyme content/activity induced by a chronic increase or decrease in mechanical loading can lead to alterations in the patterns of fuel oxidation during acute exercise.
Method

Model development
The mathematical model of skeletal muscle metabolism is developed here by extending a previously published model [28, 29] , which was primarily developed in the context of whole-body metabolism. In the current model, we identified and included many more key intermediate metabolites and regulatory enzymes along the biochemical pathways (Fig 1) and redefined the metabolic reaction flux expressions following Michaelis-Menten formalism [30] to better mimic the reality of saturable enzyme kinetics. In addition, we incorporated into the model information on enzyme kinetics, which is altered after periods of chronic loading or unloading. Changes in these parameter values -from their control values representing enzyme activity/affinity in normal sedentary muscle -alter the flux expressions and mass balance equations resulting in changes in the dynamics of specific metabolites and flux rates in response to an input. A simplified map of the biochemical pathways in skeletal muscle is schematized in Figure 1 . The lumped reactions in the pathways were generated by stoichiometrically coupling many elementary reactions. These include the energy controller pairs ATP-ADP and NADH-NAD + (co-substrate co-product pairs), the ratios of which modulate the associated reaction fluxes [31, 32] . Many lumped reactions were considered irreversible as the corresponding regulatory enzymes in vivo usually have large equilibrium constants in favor of the product formation [33] .
By linking changes in the work rate on a cycle ergometer to the rate of ATP turnover and by inducing parallel activating changes in several key variables (e.g., blood flow, active muscle volume, enzyme activities), we anticipate to successfully simulate exercise responses with our phenomenological model of skeletal muscle metabolism. This empirical parallel activation mechanism has also been described in other phenomenological models in the literature [29, [34] [35] [36] [37] for simulating acute exercise responses and matching ATP supply to ATP demand during exercise. Though the mechanism of parallel activation has not been proven or disproved experimentally, it is attributed to the stimulation of the activities of key regulatory enzymes by the levels of free calcium [Ca 2+ ] and/or hormones (catecholamine, epinephrine) [29, [34] [35] [36] [37] , which are control by neural stimulation [38] [39] [40] . In this model, the active muscle volume is expressed as a function of work rate in order to accurately simulate the extent of muscle recruitment with increased work rate [41, 42] . In addition, we assume that, during exercise at work rates ranging from 30-45% VO 2 max , the arterial substrate concentrations remain unaffected by the venous effluent due to the reestablishment of homeostasis by other organ systems such as heart, liver, or non-active muscle [29, [43] [44] [45] .
The governing model equations are developed here by assuming a multi-compartmental model structure for skeletal muscle as schematized in Figure 2 . It consists of a spatially-lumped capillary blood domain which exchanges micro-nutrients and metabolic waste products with a spatially-lumped domain of tissue cells (cytosol and mitochondria); these two domains are separated by a spatially-lumped interstitial fluid (ISF) domain. Due to lack of information on metabolite concentrations and enzyme activities at sub-cellular level, we do not differentiate between the cytosolic and mitochondrial species in this model, that is, we assume that the metabolites and enzymes are uniformly distributed throughout the cellular domain.
It is noteworthy to mention here that the capillary blood and tissue ISF volumes (V b and V isf ) are very small compared to the tissue cells volume (V c ); typically, V b and V isf are only about 7% and 13% of V tot , whereas V c is about 80% of V tot , where V tot denote the total muscle volume (e.g., see Ref.
[46] and the related references therein). Furthermore, the rate of species transport across the capillary and tissue cell membranes are usually very fast (i.e., the inter-domain transport fluxes J b↔isf,j and J isf↔c,j are very large), so that the three parallel compartments can be assumed to be in equilibrium almost instantaneously. These lead to the following approximations:
where C b,j , C isf,j and C c,j are the species concentrations in capillary blood, ISF and tissue cells; C a,j and C v,j are the input arterial and output venous species concentrations; σ cap,j and σ c,j are the partition coefficients across the capillary and tissue cell membranes; Q is the blood flow.
The dynamic mass balance equation for the chemical species j in the well-mixed tissue cells domain [28, 29] can then be written as where σ j = σ cap,j σ c,j is the effective partition coefficient across the blood and tissue cell exchange barrier; φ p and φ u are the metabolic reaction fluxes of the reactions processes that produce and utilize the species j, and β j,p and β j,u are the corresponding stoichiometric coefficients; N S = 30 is the total number of chemical species in the cellular domain. The first two terms in Eq. (2) define the net metabolic reaction rate of the chemical species j inside the tissue cells (R j = P j -U j , where P j is the production of species j and U j is the utilization of species j), whereas the term Q(C a,j -σ j C c,j ) defines the net uptake or release of the chemical species j by the tissue cells. The dynamic mass balance equations of all the 30 chemical species are given in Appendix A.
The underlying viewpoint in modeling complex in vivo metabolic systems, such as skeletal muscle, is based on a top-down systems approach [28, 29, 32, 47, 48] . To define the metabolic reaction fluxes using such an approach, we consider a general irreversible bi-bi substrate to product enzymatic reaction coupled with energy controller pairs associated with the reaction as co-substrates and co-products:
where E 1 and E 2 are the ATP and ADP or vice-versa (PS±: phosphorylation state) or NADH and NAD + or vice versa (RS±: redox state). Any biochemical conversion process that is coupled to ATP ↔ ADP or NAD + ↔ NADH interconversions, such as pyruvate oxidation or oxidative phosphorylation, can affect the dynamics of these control metabolites. So, even though E 1 and E 2 are co-substrates and co-products, their ratios have been proven to play major roles in the modulation of the associated reaction fluxes [28, 29, 32, 47, 48] (see the flux expressions: Eqs. 4 and 5). Though not all, many of the lumped reactions in the metabolic pathways in Figure 1 are special cases of this general reaction. As part of a general formalism, reversible reactions are decomposed into two irreversible reactions. Considering Michaelis-Menten formalism of a rapid equilibrium, random binding, bi-bi enzymatic irreversible reaction [30, 49, 50] , and accounting for product inhibition [31] , the reaction flux can be phenomenologically expressed as where the effective reaction velocity due to the coupling of the energy controller pairs is given by a phenomenological expression of the form V X+Y→V+W is the maximal velocity or flux of the reaction and K's are the phenomenological Michaelis-Menten constants for the associated reactants or the coupled energy controller ratios E 1 /E 2 : ATP/ADP, ADP/ATP, NADH/ NAD + , or NAD + /NADH. So, the in vivo effective velocity of the reaction is controlled by the coupled energy controller ratios C E1 /C E2 (if coupled). As in our previous models [28, 29, 47, 48] , we choose to express controllers in ratio form to increase the sensitivity of their regulatory properties on actual in vivo reaction velocities. While AMP is not directly involved in any reaction outside of the adenylate kinase system, we coupled the energy controller ratio C AMP /C ATP to the reaction flux describing glycogen breakdown, since it is well-known that AMP has important allosteric control over the enzymes catalyzing the above lumped reaction [49] [50] [51] . Even though the reaction flux expressions are "phenomenological", expressing the fluxes in the Michaelis-Menten form serves two purposes: (i) it best describes the kinetic behavior of enzymatic reactions seen experimentally, and (ii) it establishes upper and lower bounds for the fluxes [30] .
It is to be noted here that Eqs. (4) and (5) serve as the general flux expression for the lumped metabolic reaction (3) . If the energy controller pair E 1 and E 2 is not coupled to the reaction under consideration as co-substrate/coproduct, then the reaction flux does not depend on the ratio C E1 /C E2 . Therefore, not all, but only those reactions stoichiometrically associated with changes in phosphorylation (C ATP /C ADP or C ADP /C ATP ) and/or redox (C NADH / C NAD+ or C NAD+ /C NADH ) ratios have their flux rate modulated by these controllers. The phenomenological meta- As modeled, a biochemical conversion process coupled to NAD + ↔ NADH interconversions affects the redox state C NAD+ /C NADH and indirectly modulates the flux of any other reaction process coupled to NAD + ↔ NADH interconversions. Similar interrelationships exist among all processes coupled to ATP ↔ ADP interconversions. In the control of energy metabolism, ATP acts as an inhibitor, while ADP acts as a stimulator. This approach of modeling the regulation of metabolic processes provides not only a feedback control of specific conversion processes, but also integrates various metabolic pathways for energy (ATP) generation. As described below, the feedback controls by the products ADP, Pi and NADH may not alone be sufficient to match ATP supply to ATP demand during exercise, in which case, a parallel activation of different metabolic pathways is required for such matching.
Parallel activation scheme during exercise
The rate at which ATP is utilized is set by the increase in mechanical power needed to perform a particular physical task. During exercise at a constant work rate, a proportionate recruitment of muscle fibers occurs, and steady contraction can be maintained only if the ATP demand is matched. As the ATP turnover rate increases, flux through the energy-providing pathways of carbohydrates and fats rises to increase the rate of ATP production in order to match the rate of ATP utilization [8, 52] . This increase in the ATP turnover rate is met through (i) increased delivery of arterial species by increased blood flow and (ii) feedback and/or feedforward activation of latent enzyme molecules associated with various reactions. The feedback control mechanisms (though not mechanistically detailed) are built-in into the flux expressions through phosphorylation (C ATP /C ADP or C ADP /C ATP ) and/or redox (C NADH /C NAD+ or C NAD+ /C NADH ) ratios. So we discuss here and incorporate into the model the feedforward control mechanisms in an empirical/implicit fashion to simultaneously activate different metabolic pathways leading to ATP generation (glycolysis and glycogenolysis, pyruvate oxidation, beta oxidation, TCA cycle, and oxidative phosphorylation) through external effectors such as [Ca 2+ ] and/or hormones.
Initiation of an exercise bout is implemented here by increasing the rate of ATP hydrolysis in a stepwise manner [29] to a value proportional to the effective external work rate (WR + WR unload ) applied by the cycle ergometer:
where Φ ATP→ADP,rest is the resting muscle ATP turnover rate, γ 1 is the conversion factor relating the effective external work rate to the units of ATP hydrolysis, and WR unload ≈ 25W is the WR equivalent of unloaded cycling. Once the desired WR has been selected, ATP utilization rate increases and parallel changes occur in several physiological variables.
The ATP demand is primarily met by the recruitment of motor units. At rest, there is a minimal level of contraction occurring throughout various areas of skeletal muscle tissue [41, 42] . Due to the fact that not all muscle is engaged simultaneously over the period of time, we assume that in the resting state, the volume of active muscle is only a fraction of the total muscle volume. During exercise, the amount of muscle mass actively participating in muscular contraction is linearly related to the work rate [41, 42] . Therefore, in our model, the active muscle tissue cells volume V c is expressed in terms of the work rate (WR) as:
where γ 2 is the slope ∆V c /∆(WR+WR unload ) and V c,rest is the active muscle tissue cells volume at rest; γ 2 can be different for different loading conditions. In contrast, the skeletal muscle blood flow response to a step change in work rate (WR) is expressed as [53] :
where γ 3 is the slope ∆Q(t = ∞)/∆(WR+WR unload ), τ is the time constant of response, and Q rest the resting skeletal muscle blood flow; τ can be different for different muscle conditions, while γ 3 can be assumed constant, as the steady-state blood flow rate during exercise can be independent of the muscle condition.
To account for a tight coupling of energy demand-energy supply pathways that is known to occur in exercising muscle, the metabolic reaction fluxes were expressed in terms of the work rate (WR). Anticipating that the feedback controls by ADP, Pi and NADH (through cofactors C ATP /C ADP or C ADP /C ATP and C NADH /C NAD+ or C NAD+ /C NADH ) may not alone be enough to achieve the tight coupling of ATP supply-ATP demand systems during exercise, we chose to upregulate the effective enzyme activity for each reaction by multiplying each V max in the flux expressions by the relative metabolic rate (RMR):
where η is the mechanical coupling efficiency [29, 54] 
unchanged. To implement a feedforward control during exercise, the effective enzyme activities -characterized by the V max parameters-of the energy producing pathways are increased in proportion to the relative increase in metabolic rate [29, 34, 35, 37] . This way, the metabolic reaction fluxes are implicitly expressed in terms of the ATP turnover rate through the variable WR. The model physiological parameters in Eqs. (6) - (9) are given in Table 1 . [67, 68] V c,rest
Parameter estimation and model validation
The model consists of a system of nonlinear ordinary differential and algebraic equations (Appendix A and B), which are solved numerically as an initial value problem with a well-developed FORTRAN implicit integrator DLSODES (Livermore Solver for Ordinary Differential Equations) [55] .
Information on skeletal muscle metabolism in humans was gathered from various studies on sedentary healthy individuals [43, 51, [56] [57] [58] [59] [60] [61] . Information corresponding to the chronically-loaded muscle was obtained from (i) intervention studies where physiological parameters were evaluated in sedentary subjects who took part in endurance-training programs [6, 12, 13, 15, 62] and (ii) related studies that compared sedentary and trained individuals [16, 18, 20] . In regards to the chronic unloading muscle, most available data was obtained from (i) bed rest studies ranging from 1-4 weeks [21, 23, 63] and (ii) detraining studies in athletes lasting 4-12 weeks [8, 22, 24, 64] . Values for arterial and venous species concentrations and muscle blood flow were obtained from the femoral bed in human studies [12, 43, 65, 66] , while the values for intracellular species concentrations were obtained from muscle biopsies of the quadriceps [6, 56, 57] . Most substrate concentrations were the same at rest for all loading states with the exception of intramuscular triglyceride and glycogen concentrations and several metabolite concentrations in arterial blood. Tables 2 and 3 list arterial and intracellular concentrations, respectively, of all included species in each state. Blood-tissue partition coefficients were estimated from the blood-tissue exchange term (uptakerelease rates). The coefficients for the nine species that are either taken up or released by skeletal muscle are displayed in Table 2 .
Flux balance analysis is done to determine the reaction flux rates at resting steady states. In the first step, we estimated the relative contribution of carbohydrates and fats as fuels from the measurements of respiratory quotient (RQ) across the quadriceps muscle at rest [67, 68] . Then, we determined the rate of CO 2 production at rest from the known values of muscle VO 2 at rest in combination with resting RQ value. Assuming carbohydrates (CHO, RQ CHO = 1.0) and fats (FFA, RQ FFA = 0.7) are the only fuels, we calculated the relative contributions from CHO and FFA towards the muscle CO 2 production under resting, steadystate conditions. Then, we determined the reaction flux rates through the oxidative pathways of both CHO and FFA using appropriate stoichiometric relationships. The information derived from tracer studies was used to determine the flux rates of the forward-and reverse-contributions of reversible reactions such as the lactate dehydrogenase system and glycogen breakdown and synthesis systems [13] . The estimated reaction flux rates are displayed in Table 4 .
The kinetic parameters (V max and K m ) were obtained from information available on the specific enzyme kinetics. For enzymes catalyzing oxidative phosphorylation, hexokinase, and ATP hydrolysis, the K m 's were set to values much smaller than the corresponding intracellular reactants concentrations because of their high affinity for the respective reactants [9, 30, 34] . The remaining K m 's were assumed to have values very close to those of the corresponding reactants [30] . After setting the K m values, the V max values were estimated from known flux rates from flux balance analysis. Fine tuning of several kinetic parameters was needed by comparing model responses with experimental data during different physiological conditions, particularly during severe muscle ischemia [58, 61] and moderate-intensity exercise [12, 13, 43, 45, 60, 65, 69] (e.g., see Figures 3, 4, 5, 6) . Since the number of unknown model parameters was too large, without enough bound/ physiological/thermodynamic constraints, a formal The species concentrations are obtained from a variety literature sources on skeletal muscle metabolism (for references, see the text in Method section). The partition coefficients σ is calculated from the formula C b,j = C v,j = σ j C c,j , where C b,j , C v,j and C c,j are the blood, venous and tissue cells species concentrations parameter estimation algorithm would provide nonunique estimations. Therefore, the model parameters were not estimated through optimization. Instead, only those parameters, which are directly linked to the measured output variables were estimated manually through an ad hoc trial-and-error method. For example, the K m values associated with the flux expression of the hexokinase reaction would directly influence the concentrations of glucose (GLU) and glucose-6-phosphate (G6P), and therefore for fitting the model to the data on [GLU] and [G6P], those K m parameters need to be tuned first. Though a formal parameter sensitivity analysis would be helpful in identifying the most or least sensitive model parameters for estimation, it needs special attention, as the model involve many unknown parameters, and therefore it is beyond the scope of the present study. Tables 4 and 5 list the maximal reaction velocities (V max ) and MichaelisMenten constants (K m ) for each reaction under the three muscle conditioned states.
The conversion factor relating work rate to ATP turnover rate is derived from known relationships between muscle VO2 and work rate [29] . The relationship between muscle volume recruitment and work rate was determined from MRI studies quantifying the amount of active muscle for different work rates [41, 42] . Parameters characterizing the dynamics of blood flow response to exercise were estimated from known relationships between muscle blood flow and work rate [29, 70] and studies using Doppler ultrasound to measure the femoral artery blood velocity [53] . The steady-state blood flow for a particular work rate is found using the known relationship between muscle blood flow and work rate [29, 70] . Finally, the relative metabolic rate term that links processes of ATP synthesis to ATP hydrolysis is a function of mechanical efficiency and resting metabolic rate. The mechanical efficiency, which converts external work into units of metabolic watts, is determined from studies that measure the mechanical work output as a result of free energy change through ATP hydrolysis [54, 71] . To differentiate between different loading states, parameter values characterizing these states were used in simulations, namely the maximal reaction velocities (V max ) of the enzymes and time constant characterizing the blood flow response. These parameters are directly linked to adaptations occurring as a result of either chronic loading or unloading. Indeed, in the model representing loading, significant modifications were made to the V max values of the oxidative enzymes according to relative percent changes measured experimentally. This change reflects the considerable increases in both mitochondrial size and density within the tissue [10] . Also, the time constant for blood flow (τ Q ) was reduced in the loading model to account for the increase in muscle capillarization [53] ; τ Q in the unloading model was accordingly increased to reflect the presence of fewer capillaries perfusing muscle fibers [8, 63] . In regards to the unloading model, experimental data shows that more emphasis is placed on carbohydrate metabolism for ATP production, in particular glycogenolysis. Therefore, the V max values for glycogen phosphorylase and glucose phosphorylation were increased with accompanying decreases in oxidative enzymes' maximal reaction velocities [22, 23] .
Results
We first compared computer-simulated responses with experimental data obtained in healthy individuals during a 10-min moderate-intensity exercise bout (30-45% VO 2 max , WR = 65W) on a cycle ergometer. Then, the steadystate and dynamic responses of individuals who have under-gone chronic interventions involving marked enhancements (loading) or reductions (unloading) in physical activity to a step change in ATP turnover rate, equivalent to the same change in work rate (WR = 65W), were compared to those obtained in healthy sedentary subjects. From these results, we determined quantitatively the effects of loading and unloading adaptations on fuel preference during submaximal exercise.
Dynamic responses to submaximal exercise in sedentary state
A moderate-intensity exercise bout (30-45% VO 2 max ) for a normal, sedentary individual was simulated for 10 min by inducing changes in ATP turnover rate and other physiological variables equivalent to a step increase in work rate WR from 0 to 65 W. Active muscle mass increased instantaneously from 4 to 7.5 kg ww (Eq. 7), while muscle blood flow increased exponentially (τ Q ≈ 0.35 min) from 0.9 to 6.0 L/min (Eq. 8). The rates of ATP production and Simulated dynamic responses of oxygen uptake and carbon dioxide release during a 10-min moderate-intensity exercise bout (WR = 65W) of a sedentary individual Figure 4 Simulated dynamic responses of oxygen uptake and carbon dioxide release during a 10-min moderate-intensity exercise bout (WR = 65W) of a sedentary individual. Positive values correspond to O 2 uptake (VO 2 = Q(C a,O2 -σ O2 C c,O2 )) while negative values correspond to CO 2 release (VCO 2 = Q(C a,CO2 -σ CO2 C c,CO2 )) from skeletal muscle. The time constant of O 2 uptake (τ VO2 ) is about 0.5 min and that of CO 2 release (τ VCO2 ) is about 0.6 min. The respiratory quotient (RQ = VCO 2 /VO 2 ) increases from 0.785 at rest to 0.832 during exercise. Model-simulated muscle oxygen uptake (VO 2 = Q(C a,O2 -σ O2 C c,O2 )) increased exponentially (τ VO2 ≈ 0.5 min) from 2.75 mmol/min at rest to 36.5 mmol/min during exercise while muscle CO 2 release (VCO 2 = Q(C a,CO2 -σ CO2 C c,CO2 )) increased slightly slower (τ VCO2 ≈ 0.6 min) from 2.16 to 30.4 mmol/min, as depicted in Figure 4 . The respiratory quotient (RQ = VCO 2 /VO 2 ) increased from 0.785 at rest to 0.832 during 10-min moderate-intensity exercise bout. The [PCr] dynamic response closely mirrored that of VO 2 [72] [73] [74] decreasing about 10% from its resting value of 20 mM to about 16 mM during exercise with a τ PCr ≈ 0.5 min, as depicted in Figure 5 . Therefore, the model supports one of the key hypotheses in muscle bioenergetics that the muscle [PCr] and VO 2 dynamics match very well during moderate-intensity exercise [72] [73] [74] . [75] . The concentration of Pi (inorganic phosphate) increased from 2.7 mmol/kg ww at rest to about 4.6 mmol/kg ww during exercise with a τ Pi equivalent to τ PCr (Fig 5) .
Muscle glucose uptake increased from 0.18 to 1.76 mmol/ min within the first 30 seconds of exercise onset, and then decreased to its steady-state value of 1.38 mmol/min, as shown in Figure 6 . The net glycogen breakdown increased rapidly from 0.0 to 0.15 mmol/min, resulting in a linear decrease in glycogen concentration from 95 to 93.5 mM during 10-min moderate-intensity exercise bout. Concentrations of both glucose 6-phosphate and pyruvate increased ~ 35% from their resting values in an exponential manner (τ ≈ 0.85 min). The lactate release from muscle increased abruptly from 0.11 to 0.63 mmol/min before reaching its steady-state value of 0.32 mmol/min, as shown in Figure 6 . Both glucose uptake and lactate release were seen to have a biphasic behavior.
During 10-min exercise bout, the concentration of acetylCoA increased 50% from its resting value of 2.23 µM, with the carbohydrates contributing a larger portion toward the increased acetyl-CoA production, as shown in Figure  7 . At rest, approximately 22% of the acetyl-CoA produced came from pyruvate oxidation, with the remaining 78% coming from fat oxidation. However, during exercise, the pyruvate oxidation contributed about 38% towards total acetyl-CoA production, with the fats contributing about 62%. This causes an increase in the muscle respiratory quotient (RQ) from 0.785 at rest to 0.832 at the end of 10-min exercise, though not significantly, but within the experimental range for moderate-intensity exercise [67, 68] .
Dynamic responses to submaximal exercise after chronic loading or unloading
The dynamic responses of selected metabolite concentrations and reaction fluxes to 10 min of moderate-intensity, constant work rate exercise (WR = 65W) were compared for the chronic loading (LD) and unloading (UL) states. The simulations previously described for the sedentary (SED) state served as the control state. The pattern of muscle mass recruited at the onset of exercise was assumed the same in all three groups (Eq. 7, Simulated relative contributions from carbohydrates and fats towards the steady-state acetyl-CoA production at rest and during a 10-min moderate-intensity exercise bout (WR = 65W) of a sedentary individual. Skeletal muscle blood flow responses to a moderate-intensity exercise bout (WR = 65W) for three different muscle states Figure 8 Skeletal muscle blood flow responses to a moderate-intensity exercise bout (WR = 65W) for three different muscle states. The range of the x-axis is reduced in order to amplify the transient changes between the chronically-loaded and unloaded states. The time constant of blood flow (τ Q ) for loaded, sedentary and unloaded muscles was set as 0.25, 0.35 and 0.45 min, respectively (Table 1) . (Fig 11) . Figure 12 shows the net glycogen breakdown rates for the three conditioned muscle states during a 10-min moderate-intensity exercise bout. In each case, the glycogenolysis initially increases rapidly before slowly decreasing towards a new steady-state level. It is seen that the net glycogen breakdown rate for UL muscle increases from 0 at rest to 0.18 mM/min over the 10-min exercise period, while in the LD muscle, the response shows an increase from 0 to 0.13 mM/min. Thus, the chronically loaded muscle utilizes less glycogen for a submaximal exercise bout.
The increased reliance on glycogen for the unloading state results in a 10% higher rate of glycolysis during moderateintensity exercise compared with the loading state. This difference ultimately leads to higher concentrations of glycolytic intermediates such as glucose 6-phosphate and pyruvate for the unloading state. Since there were no differences in the redox ratio between conditioned states during exercise, the higher rates of net lactate formation seen (Fig 13) for chronically-unloaded compared with the loaded muscle is mainly due to the increase in pyruvate production from glycolysis during exercise, similar to what has been seen experimentally [65] .
The lactate production rate in muscle tissue during exercise was seen to have a triphasic behavior. At the onset of exercise, the production of lactate increases rapidly to levSimulated dynamic responses of the net glycogen breakdown in muscle tissue during a 10-min moderate-intensity exercise period (WR = 65W) for sedentary and chronically-loaded/ unloaded individuals Figure 12 Simulated dynamic responses of the net glycogen breakdown in muscle tissue during a 10-min moderate-intensity exercise period (WR = 65W) for sedentary and chronically-loaded/ unloaded individuals. The steady state responses are present from time -5 min to time 0 min when the step change in work rate (WR) is initiated. UL els around 5-fold higher than that at rest, followed by a swift drop to resting levels. This transient response occurs within the first minute, and is the same for all conditioned states, as depicted in Figure 13 . After that, there is an exponential increase, with the new steady-state values reached by 3 min. The early large production of lactate is consistent with the previous experimental finding by Connett et al. [44] . The steady-state net lactate production in the chronically unloaded muscle is about 20% higher when compared with the loaded muscle. The dynamic responses for net lactate release from muscle tissue during exercise for loading and unloading states are displayed in Figure 14 . Initially, the net lactate release (negative of the shown flux) increased rapidly, with largest changes seen in the loading state (0.11 to 0.68 mM/min). In about 45 seconds, the net lactate release increased exponentially in all conditioned states to its new steady-state levels, which were reached in 4 min. The difference in steady-state lactate release values between chronically unloaded and loaded muscles was around 17%, as depicted in Figure 14 .
The rate of free fatty acid uptake increased exponentially during exercise, with = 0.3 min and = 0.4 min.
The chronically loaded muscle had a 7% higher rate of free fatty acid uptake compared to the unloaded muscle.
The steady-state rates of acetyl-CoA production during exercise were similar in all three muscle conditions but the relative contributions differed from carbohydrates and fats. Figure 15 Simulated dynamic responses of the net lactate formation in muscle tissue during a 10-min moderate-intensity exercise period (WR = 65W) for sedentary and chronically-loaded/ unloaded individuals Figure 13 Simulated dynamic responses of the net lactate formation in muscle tissue during a 10-min moderate-intensity exercise period (WR = 65W) for sedentary and chronically-loaded/ unloaded individuals. The net lactate formation has tri-phasic behavior. 
Discussion
In this paper, we successfully extended a previously developed mathematical model of skeletal muscle metabolism [28, 29] by adding necessary biochemical components that are altered after periods of chronic loading or unloading to quantify some of the underlying key mechanisms associated with the metabolic responses to constant work rate, moderate-intensity exercise in these loading states. The model was first validated with published experimental data obtained from quadriceps muscle under conditions of moderate-intensity exercise in sedentary individuals. Once validated, the model was used to simulate and predict metabolic responses to moderate-intensity exercise in contracting muscle of individuals who have been subjected to a period of chronic loading or unloading.
Parallel activation of metabolic pathways during exercise
We conducted extensive computer simulations using this model of skeletal muscle metabolism in response to changes in metabolic rate (simulating work rate changes in the cycle ergometer) to predict changes in metabolite concentrations and reaction flux rates during increased metabolic demand. The aim of these simulations has been to investigate various mechanisms of respiratory control to gain understanding on how the cell adjusts its metabolic machinery and processes to activate enhanced delivery of reducing equivalents (NADH) to the mitochondria for a sudden increase in the rate of ATP synthesis. During voluntary muscle contraction, cellular metabolism is altered and oxygen and fuel delivery is stimulated through adjustments in convection/diffusion reaction processes by the ventilatory, cardiovascular, and muscular systems. Since the current in vivo techniques, such as indirect calorimetry, near-infrared spectroscopy, and A-V difference measurements, can only provide information at the pulmonary or muscular level, we are limited in deriving inferences about the metabolic control solely based on this information. Specifically, these techniques can neither provide reliable measurements of the rate of mitochondrial oxygen consumption (VO 2 m ) nor provide a quantitative relationship of the dependence of VO 2 m on ADP, Pi, NADH and available cellular O 2 , especially at the onset of exercise in an in vivo contracting skeletal muscle.
The computational model of skeletal muscle metabolism that we developed permits quantitative evaluation of current hypotheses of pathway activation with increase in work rate (ATP demand). Specifically, we investigated two mechanisms of pathway activation: (i) feedback activation via the products ADP, Pi and NADH and (ii) feedforward activation through parallel activation of each reaction in the pathways of ATP formation. Accordingly, we investigated the effect of increased [ADP] and [Pi] induced by an increased ATP hydrolysis rate -equivalent to a change in work rate (WR) -on the activation of glycogenolysis, glycolysis, pyruvate oxidation, fatty acid oxidation, Krebs cycle, and oxidative phosphorylation. Simulations revealed that the increases in [ADP] and [Pi] were not sufficient to increase the reaction flux rates of the reaction processes involved in providing the corresponding amount of reducing equivalents per unit time to the mitochondria in proportion to the rates of O 2 utilization and ATP turnover (results not shown). We then investigated the effect of simultaneously increasing maximal reaction velocities (V max ) of most catalytic reactions participating in energy metabolism in proportion to the increase in metabolic rate (parallel activation as described in the Methods section). Simulations indicated that only by altering simultaneously the V max parameters of the reaction flux expressions, it is possible to obtain physiologically meaningful predictions of the metabolic responses to exercise (see Figures 3, 4, 5, 6 ). Though the exact mechanisms of "parallel activation" have not been clearly elucidated, it may in part be attributed to the stimulation of the activities of mitochondrial dehydrogenases by the levels of free calcium [Ca 2+ ] and/or other enzymes by catecholamines [29, [34] [35] [36] [37] , which are in fact activated by neural stimulation [38] [39] [40] . The mechanism may also be attributed to other regulatory mechanisms (known or unknown), such as the regulation of TCA cycle and oxidative phosphorylation fluxes through phosphates [76] , that have not been accounted for in this phenomenological model of skeletal muscle bioenergetics.
Muscle oxygen uptake dynamics
Different model-simulated time courses of the increase in muscle oxygen uptake (VO 2 ) toward its steady-state in response to a step change in work rate were obtained in chronically-loaded and unloaded muscle (Fig. 8) . There is evidence that pulmonary VO 2 reaches steady-state faster in a well-trained individual than in a sedentary individual at the same absolute work rate [27] . However, at moderate exercise intensities (WR ≤ 40% VO 2 max ), significant differences are not seen between trained or loaded and sedentary subjects until approximately 30 seconds into the exercise bout [27] . Our simulations show similar findings in muscle VO 2 dynamics, with minor differences between loaded and unloaded responses earlier in the exercise period.
The differences in the dynamics of muscle VO 2 between loading states at exercise onset may be due to a faster muscle blood flow dynamics and thus increased rate of O 2 delivery [25, 53] , or due to a higher oxidative capacity of chronically-loaded muscle [70] . Initially, we hypothesized that the differences in muscle VO 2 between loading states were due to the faster blood flow response to exercise in chronically-loaded muscle as observed experimentally [53] . The faster delivery of O 2 to contracting muscle in trained individuals would allow improvements in the transient metabolic responses to exercise, thus permitting a closer coupling between the rates ATP production and ATP utilization and a decreased reliance on anaerobic energy sources such as phosphocreatine and glycogen. A smaller glycogenolytic flux would lead to lower production rates of pyruvate and, ultimately lactate, in chronically loaded muscle.
By performing in silico experiments (i.e., computer simulations), it was possible to examine quantitatively the source of the differences in muscle VO 2 dynamic responses in the three different loading states. By increasing the rate of muscle blood flow at the onset of exercise, with different time profiles but same steady-state value, we could determine if the rate of O 2 delivery to contracting muscle is limiting. Model simulation showed that, during moderate exercise, regardless of the time profile of blood flow, muscle VO 2 increased exponentially with similar time constants, τ VO2 . This suggests that differences in muscle VO 2 dynamics characteristic of these loading states -during moderate exercise -may be due to cellular adaptations in oxidative machinery (i.e., levels of metabolic controllers and/or enzyme activation) and not to the kinetics of muscle blood flow.
Phosphorylation ratio differences among muscle loading states during exercise
Various experimental studies have observed smaller increases in [ADP]/[ATP] ratio for trained compared with sedentary individuals during exercise [62, 65] . The difference in this ratio between chronically loaded and unloaded muscle in our model is even more drastic (Fig.  9) . The increased levels of resting maximal enzyme activity for the oxidative phosphorylation pathway in trained muscle are associated with a greater capacity for increasing reaction velocity and reducing ADP/ATP ratio. In our simulations, the steady-state oxidative phosphorylation flux is the same regardless of the conditioned state of the muscle during moderate-intensity exercise; however, in chronically loaded muscle, a lower ADP/ATP ratio is needed in order to reach this steady-state level. Since this control ratio plays a major role in fine-tuning the flux rates of glycolysis, fat oxidation, and phosphocreatine breakdown, a lower ADP/ATP ratio would result in a tighter coupling of the processes of ATP production and utilization and sparing of fuels and energy stores. For instance, phosphocreatine acts as a buffer to maintain ATP homeostasis and the creatine kinase reaction rate is highly sensitive to changes in ADP/ATP. Simulations showed a smaller decline in ATP concentration and less phosphocreatine breakdown at exercise onset in chronically-loaded muscle during exercise, similar to what is seen experimentally [62, 65] .
ATP also plays a key role in the activation of both exogenous glucose and fatty acids and in controlling the rates of glycogen synthesis. Glycogen synthase, the enzyme responsible for the synthesis of glycogen from G6P, is activated by ATP. In chronically loaded muscle, there is a lower net glycogen breakdown when compared with unloaded muscle during exercise due to increased rates of glycogen formation as a result of increased ATP levels. A lower rate of glycolysis leads to a lower rate of lactate production as seen in chronically-loaded muscle compared with unloaded muscle during exercise [13, 65] . Since lactate concentrations in muscle were similar during moderate exercise regardless of loading state, the increased production of lactate was coupled with higher net release rates in chronically unloaded muscle. This result is in agreement with experimental observations [13, 65, 77] .
Transient lactate metabolic responses to exercise
A noteworthy observation from our simulations is the transient response of net lactate production during exercise. At the onset of exercise, net lactate production increases dramatically, and then declines rapidly to a value near its resting value before increasing again in an exponential fashion to its elevated steady-state level (Fig.  13 ). This is a triphasic behavior. The early large production of lactate is consistent with the previous experimental finding by Connett et al. [44] . The reason for this is unknown; however, one explanation may be a delay in the activation of the enzyme lactate dehydrogenase (LDH). The activation of intracellular enzymes occurs at the beginning of exercise, and all reaction fluxes increase proportionately as per parallel activation hypothesis. Lactate and pyruvate are substrates in an equilibrium reaction catalyzed by the enzyme LDH, which is also coupled to the redox ratio NADH/NAD + . As exercise starts, NADH drops rapidly to its new steady-state value, causing the LDH reaction to shift towards pyruvate production. As glycolysis increases towards its new steady state, the production of pyruvate from carbohydrates increases which overrides the decrease of NADH, shifting the LDH equilibrium back towards lactate production. A more extensive experimental look at this profile is required to try to determine the causes of the behavior of this transient response, or to refute its existence entirely.
Acetyl-CoA production during exercise Increased flux through fat oxidation pathway leads to higher rates of acetyl-CoA production from fatty acids in chronically loaded muscle compared to unloaded muscle during exercise. Chronically unloaded muscle, with its higher flux through glycolytic pathway, produces more pyruvate, which leads to increased levels of acetyl-CoA from carbohydrates than chronically loaded muscle (Fig.  15) . Studies have shown that following endurance training, insignificant changes are measured both in the total and active concentrations for pyruvate dehydrogenase (PDH), the enzyme responsible for oxidizing pyruvate to acetyl-CoA [65] . In our model, PDH maximal reaction velocity was the same for all three loading states. Thus, reductions in pyruvate oxidation for chronically loaded muscle during exercise are most likely due to the decreased availability of pyruvate from glycogenolysis and glycolysis. Additional inhibition of this reaction by its product may also play some role, as increased levels of acetyl-CoA from fat oxidation may inhibit its production from carbohydrates. While experimental techniques may not be sensitive enough to measure these fuel differences between chronically-loaded and unloaded states, especially at the exercise intensities performed in these simulations, our model predicts that the respiratory quotients for trained and detrained muscle during moderate-intensity exercise are 0.826 and 0.835, respectively, corresponding to 36% and 40% contributions from carbohydrates towards the production of acetyl-CoA.
Effect of enzyme activation on reaction flux regulation
We have distinguished the roles of various species and controllers in regulating flux rates through various metabolic pathways (Appendix B). While each species and controller does serve key functions, we feel it is important to emphasize that they are responsible only for fine-tuned regulation. The main regulatory control is achieved through both the alterations in the ratio of active/inactive enzyme molecules and different enzymatic adaptations to training and detraining, as proposed by Hochachka and Matheson [52] . As we have shown earlier, the maximal velocity for each enzymatic reaction in our model is coupled with a relative metabolic rate (RMR) term that increases in parallel with increases in ATP turnover rate. For our simulated exercise bout (WR = 65W), we could induce a 14-fold increase in the ATP hydrolysis rate that we feel is representative of moderate-intensity exercise. In order for us to closely match this increased rate of ATP-utilization, the ATP-producing pathways must increase its flux turnover capacity to similar levels. As was mentioned earlier, it is not possible for this to be achieved strictly through changes in species concentration only (e.g., feedback activation by ADP, Pi and NADH), and thus we felt it was appropriate to increase the V max for each reaction in parallel by some factor similar for all states (parallel activation). This approach has been done in other in silico research that has attempted to study the regulation of ATP turnover rates during exercise [29, [34] [35] [36] [37] .
Model limitations and future developments
In this model of skeletal muscle metabolism, the cytosolic and mitochondrial regions were not distinguished. Consequently, for some physiological stresses such as heavyintensity exercise, the model may not accurately predict the dynamics of several metabolite concentrations and reaction fluxes that are critical in the regulation of cellular respiration and fuel (carbohydrate, fat and lactate) metab- [48] . Another limitation in this model is that most of the lumped enzymatic reactions in the cellular biochemical pathways were considered irreversible in the direction of product formation. In principle, almost all cellular metabolic reactions are essentially reversible [31, 33] and are governed by thermodynamic equilibrium conditions [30, 50] . Under typical physiological conditions, which are far from the equilibrium, however, most metabolic fluxes are typically dominant in one direction although their magnitudes can change during some pathological conditions.
A more physiologically and biochemically mechanistic model of skeletal muscle metabolism should include the distinction of cytosol and mitochondrial domains within the tissue cells. Also, the subcellular compartmentation could account for distinct regions of metabolite distribution, for example, associated with glycolysis [48] . Furthermore, alternative kinetic flux expressions can be based on Michaelis-Menten formalism for reversible enzymatic reactions satisfying Haldane relationship that apply for thermodynamic equilibrium [30, 31, 49, 50] . This would provide additional thermodynamic constraints on maximal reaction velocities.
Conclusion
We successfully extended a previously developed model of skeletal muscle metabolism and obtained agreement with experimental data under several different physiological conditions for sedentary muscle. By selecting kinetic model parameter values in agreement with alterations in enzymes contents/activities induced by chronic loading and unloading, we were able to identify differences in fuel preference and delivery of arterial species during moderate-intensity exercise. In particular, we were able to examine -with computer simulations -the impact of cellular metabolic adaptations induced by chronic unloading/ loading on the dynamics of various exercise responses. Chronically loaded muscle displayed a faster muscle VO 2 kinetic response to a step increase in work rate. Unloaded muscle oxidized a larger percentage of carbohydrates for ATP synthesis during exercise. This increase in carbohydrates utilization also leads to higher rates of intramuscular lactate formation. With the proposed enhancements and with additional metabolic pathways similar to those of the model of cardiac metabolism [48] , a model of skeletal muscle metabolism could be applied to test complex hypotheses involving the integration of cellular metabolic networks and responses during exercise in individuals who have undergone periods of training (loading) or chronic physical inactivity (unloading). 1. Glucose Utilization GLU + ATP → G6P + ADP 2. Glycogen Synthesis G6P + ATP → GLY + ADP + 2 Pi This is lumping of 4 reactions G6P ↔ G1P, G1P + UTP → UDP-GLC + 2 Pi, UDP-GLC + GLY n → UDP + GLY n+1 , and UDP + ATP → UTP + ADP. Because the reaction GTP + ADP ↔ GDP + ATP is in fast equilibrium, we assume the GTP/GDP ratio proportional to the ATP/ADP ratio. This is a sum of several enzymatic reactions at complex I -V that constitute the electron transport chain and oxidative phosphorylation in the mitochondrial matrix. FAD and FADH 2 are considered equivalent to 2/3 NAD + and 2/3 NADH. Unlike other reactions, here NADH and NAD + are treated as substrates rather than controllers. Furthermore, 1 NADH is assumed to produce 3 ATP (i.e., P/O ratio = 3 for substrate NADH). To account for the proton leak, the stoichiometries for NADH and NAD + are adjusted to 1.88 and that for ATP, ADP and Pi are accordingly adjusted to 3*1.88 = 5.64. 
